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Under the Direction of Kenneth G. Rice, Ph.D. 
 
ABSTRACT 
Math anxiety has been consistently associated with lowered math performance and achievement 
regardless of skills and abilities. These decrements in math performance and achievement and 
accompanying avoidance of opportunities to improve math skills can have outsize influence on 
the school and career path of college students. In the following chapter, we conducted a 
systematic review and meta-analysis of the last 30 years of intervention literature for math 
anxiety, focusing on math performance as an outcome of interest. For the nine studies that fit the 
inclusion criteria we summarize the effect sizes, though moderator analyses were not conducted 
due to low heterogeneity between studies and lack of power to detect effects. We discuss 
implications and directions for future research on math anxiety. In the following study, noting 
the importance of appraisal processes in math anxiety, we examined the effect of a brief online 
arousal reappraisal intervention on math performance and math anxiety. We also investigate 
whether pre-intervention math anxiety moderates the effect of arousal reappraisal on math 
performance, hypothesizing that highly math anxious individuals will show greater conditional 
 
 
effects than individuals with low or moderate levels of math anxiety. Results supported the 
moderation of the intervention effect by pre-intervention math anxiety, but in the opposite 
direction of the hypothesized conditional effect. More specifically, students in the intervention 
group with moderate or lower levels of pre-intervention math anxiety scored significantly higher 
than students with similar levels of pre-intervention math anxiety in the control group, while 
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1 Meta-Analysis of the Effect of Psychological Interventions for Math Anxiety on Math 
Performance: A Review of the Past 30 Years 
For years, U.S. educational policy-makers have sought to promote science, technology, 
engineering, and mathematics (STEM) literacy, skills, and education to supply the needs of the 
U.S. economy for an increasingly technically trained workforce (National Science & Technology 
Council Committee on STEM Education, 2018). Numeracy skills are central to this project, 
though students in the U.S. remain below the global mean in math performance despite executive 
branch commitments to investing in STEM education (Organization for Economic Co-operation 
& Development, 2018; Handelsman & Smith, 2016). While pedagogical and systemic issues are 
often the main focus of these efforts, and rightly so, addressing attitudinal and affective factors 
can also help promote the development and practice of numeracy skills in children, adolescents, 
and adults. One such affective factor that is the focus of this review is math anxiety. 
Math Anxiety 
Math anxiety “involves feelings of tension and anxiety that interfere with the 
manipulation of numbers and the solving of mathematical problems in a wide variety of ordinary 
life and academic situations” (Richardson & Suinn, 1972, p. 551). These feelings are somewhat 
common in the U.S., with estimates of prevalence in college populations, with whom most 
studies on math anxiety have been conducted, ranging from 11% (Richardson & Suinn, 1972) to 
66% of students enrolled in math classes (Betz, 1978).  
Research on math anxiety began in earnest with the development and validation of the 
98-item Math Anxiety Rating Scale (MARS) in a paper by Richardson and Suinn (1972), which 







associations between math anxiety, math achievement, and math performance have been 
consistent across decades of studies. A meta-analysis by Hembree (1990) synthesizing the state 
of math anxiety research in 1990, reported summary correlations between math anxiety, math 
course grades, and measures of math aptitude or achievement in the -0.25 to -0.40 range. Also 
summarizing the effect of math anxiety on math performance for 13 studies of collegiate 
samples, Hembree reported that on average, individuals with high math anxiety (HMA) scored 
0.61 SDs lower than individuals with low math anxiety (LMA) on math tests.  
Operationalization of Math Anxiety 
In the history of math anxiety research, HMA and LMA groups have been 
operationalized in a number of ways. Firstly, the unwieldy nature of the original 98-item version 
of the MARS led to numerous attempts to create more time-efficient measures of the construct, 
many of which use items from the original MARS. These include: a 30 item brief version of the 
Math Anxiety Rating Scale (MARS-30; Suinn & Winston, 2003); the 24-item Revised Math 
Anxiety Rating Scale (MARS-R; Plake & Parker) which was further shortened to 12 items in a 
factor analytic study by Hopko (2003); the Abbreviated Math Anxiety Scale (AMAS; Hopko, 
Mahadean, Bare, & Hunt, 2003), another factor analytic attempt to shorten the MARS-R that 
resulted in a 9-item measure validated in a large-scale (N = 1,239) study; and the 25-item short 
version of the Math Anxiety Rating Scale (sMARS; Alexander & Martray, 1989). The majority 
of psychometric studies (e.g. Rounds & Hendel, 1980; Alexander & Cobb, 1987; Hopko et al., 
2003) of the MARS and its brevity-oriented progeny have found that a two-factor structure best 
fits the data (Pletzer, Wood, Scherndl, Kerschbaum, & Nuerk, 2016), though interpretations 
regarding what is captured by those factors and which factors are most salient to measurement of 







Rounds and Hendel (1980) first reported on the two-factor structure of the MARS, 
identifying the factors as Mathematics Test Anxiety, or anxiety related to the demands of 
mathematics courses or evaluations (e.g. “Taking an examination (quiz) in a math course”), and 
Numerical Anxiety, or anxiety in everyday situations requiring partial arithmetic and numeracy 
skills (e.g. “Totaling up a dinner bill that you think overcharged you”). In their development of 
the MARS-R, Plake and Parker (1982) also settled on a two-factor structure, renaming the 
factors Learning Mathematics Anxiety, or anxiety associated with the activity or process of 
learning math (e.g. “Listening to a lecture in a math class”), and Mathematics Evaluation 
Anxiety, or anxiety associated with tests, quizzes, or other evaluations in math or statistics (e.g. 
“Being given a ‘pop’ quiz in a math class”). As Plake and Parker’s (1982) original study was 
likely underpowered and methodologically flawed, Hopko (2003) submitted the MARS-R to a 
more rigorous test of construct validity, ultimately eliminating 12 items to arrive at a model that 
fit the two factor Learning Mathematics Anxiety and Mathematics Evaluation Anxiety structure 
well in both the validation sample and a replication sample. As Hopko (2003) explains, his 
revision of the MARS-R eliminated many items that were seemingly less central to the 
experience of doing math. The majority of the retained items directly relate to anxiety 
experienced in the process of academic math performance or calculation, or in the anticipation of 
that process. As Pletzer et al. (2016) notes, qualitatively, this revision seemingly aligns the two 
factors of the MARS-R more with the experiences captured by the original MARS Mathematics 
Test Anxiety factor than the Numerical Anxiety factor. Moving on from the MARS family of 
measures, a final measure of math anxiety to highlight is the Fennema-Sherman Mathematics 
Attitude Scales (Fennema & Sherman, 1976), particularly the Mathematics Anxiety Scale (MAS) 







arousal and negative affect (e.g. anxiety or dread) associated with doing math (e.g. “Mathematics 
usually makes me feel uncomfortable and nervous”). 
These measures have been utilized in a variety of mathematic procedures to identify 
HMA and LMA individuals for research, assessment, and intervention, with no particular 
consensus (Ramirez et al., 2018). Some techniques used by researchers include labeling 
individuals at ± 1 SD of the sample mean as HMA or LMA respectively (e.g. Maloney et al., 
2015), using a median split with HMA above the sample median and LMA below the median 
(e.g. Brunyé et al., 2013), identifying the upper and lower quartiles of the sample as HMA and 
LMA (e.g. Henslee & Klein, 2017), respectively, or dividing the sample into HMA (+1 SD), 
LMA (-1 SD), and medium (mean) math anxiety groups based on the sample mean and SD 
(Ashcraft & Kirk, 2001). 
Math Anxiety and Math Performance 
 Given the significant effect of math anxiety on math performance and intent to pursue 
further math education (Hembree, 1990), interventions to reduce math anxiety or reduce its 
deleterious effects on math performance are an important research priority. Hembree’s meta-
analysis, the only one to address interventions for math anxiety, synthesized 73 effect sizes, 
concluding that behavioral intervention such as systematic desensitization and others (d = 0.60), 
cognitive restructuring interventions (d = 0.32), and cognitive-behavioral interventions (d = 
0.50), were the only interventions with summary effect sizes that were significantly different 
from null effects. In the approximately 30 years since his review was published, there have been 
significant developments in the science and practice of psychological interventions. As such, an 
update on the last 30 years of math anxiety intervention literature is warranted. 







The purpose of the current study was to provide a quantitative meta-analytical review of 
the last 30 years of published research examining the effects of psychological interventions for 
math anxiety on math performance. Math performance was selected as the outcome variable of 
choice because, despite the robust negative correlation between math anxiety and math 
performance, some HMA individuals have shown the ability to use cognitive and emotion 
regulation strategies to perform well on math tasks despite high levels of math anxiety (Lyons & 
Beilock, 2012). As such, interventions may work through mechanisms other than math anxiety 
reduction to positively affect math performance. 
Methods 
Literature Search 
 An electronic database search was conducted using PsycINFO and ERIC with the 
following all text search terms: (intervention OR treatment OR Therapy OR prevention) AND 
(arithmetic anxiety OR math* anxiety OR calculation anxiety OR statistics anxiety). The search 
identified 331 studies, with 17 selected for further review due to abstracts fitting inclusion 
criteria. Of those studies, 8 were excluded (see Figure 1.1). Two studies were excluded because 
they did not measure math performance, three studies were excluded because they involved 
curriculum or tutoring rather than psychological interventions, one study was excluded because 
the intervention was not a treatment for math anxiety, and two studies were excluded because 
effect sizes could not be calculated from the data reported and the authors did not respond to 
requests for additional data. 
Inclusion/ Exclusion Criteria 
Studies were included in the meta-analysis if they (a) investigated psychological (as 







measured math performance; (c) included an effect size or sufficient information for computation 
or estimation of an effect size; (d) were written in English; (e) were a published journal article or 
pre-print; and (f) were conducted after Hembree’s meta-analysis in 1990. The implementation of 
the criteria resulted in the final inclusion of 9 studies reporting 12 effect sizes quantifying group 
differences in math performance following interventions for math anxiety.  
Recorded Variables 
Each included study was coded by the primary author for the following variables: study 
design (within participants or randomized-controlled trial), sample math anxiety (HMA only, 
HMA and LMA, or undifferentiated), intervention orientation (cognitive, mindfulness, 
expressive writing, values affirmation), intervention modality (online, individual, group, written 
instructions, or written and online instructions), total intervention time in minutes, mean age of 
participants, participant grade level, predominant gender of participants, predominant 
race/ethnicity, country where study was conducted, math anxiety measure, and math 
performance task.  
Study participants were primarily female postsecondary students aged 18 to 25. Five out 
of nine studies did not report the race or ethnicity of the participants. Of the three studies that 
reported race or ethnicity, two included predominantly White samples, with Jamieson et al.  
(2016) reporting on a majority Black or African-American sample. All studies were conducted in 
the U.S. Three out of nine studies measured math anxiety using the MARS, with two studies 
utilizing the MARS-30 and one study each administering the AMAS, sMARS, and the MAS, 
respectively. There was little overlap between studies in regards to math outcome measures, with 
two studies using algebra tasks and two studies using mental arithmetic with carrying operations, 







and one study using computer-administered multistep arithmetic problems. Two studies used 
naturalistic methods, with students’ in-class exams serving as the outcome measure, while two 
studies used validated measures of math achievement, the Wide Range Achievement Test 3 
(Wilkinson, 1993) and the Differential Aptitude Tests (Bennett, Seashore, 7 Wesman, 1981). A 
third study used a validated abbreviated numeracy scale consisting of word problems testing 
probabilistic skills in combination with an objective numeracy scale of symbolic arithmetic 
problems that had been used in a previous study. Cognitive interventions were the most popular, 
with four primarily cognitive and 3 primarily behavioral interventions tested. Additionally, one 
mindfulness focused breathing intervention and one Acceptance and Commitment Therapy 
intervention was evaluated, and three brief social-psychological interventions (one study each 
testing stress reappraisal, expressive writing, and values affirmations) contributed effect sizes to 
the analysis. Total intervention time ranged from 7 minutes for a brief writing exercise to 360 
minutes of group therapy across 6 sessions (M = 106.88 minutes). For further details on study 
characteristics, see Table 1.1.  
Analysis Procedures  
A priori power analyses were conducted using the dmetar (Harrer, Cuijpers, Furukawa, 
& Ebert, 2019) package in R, which utilizes equations published by Borenstein, Hedges, 
Higgins, and Rothstein (2009).  Random effects models were used to account for between-
studies variance, as studies differed considerably on a number of variables including design and 
interventions tested (Borenstein et al., 2009). Power analyses were conducted assuming low (t2 = 
0.33) and moderate (t2 = 0.67) levels of heterogeneity, respectively (Hedges & Pigott, 2001), as 
0.33 is a ratio of between-studies variance to within-studies variance commonly found in the 







average treatment group and control group samples sizes across studies were calculated (n = 34 
and n = 35, respectively) and included in the power analysis. Following Bloom, Hill, Rebeck, 
Black, & Lipsey’s (2008) recommendation that performance gaps be used as effect-size 
benchmarks for academic achievement or performance interventions, we set the effect size for 
the power analysis at d = 0.305, or half of the math performance gap that Hembree (1990) found 
between high and low math anxious individuals. Assuming a p-value of .05, power was 
acceptable to detect the d = 0.305 effect given both low (power = 90.59%) and moderate (power 
= 83.24%) levels of heterogeneity. 
The meta-analyses were conducted using the metafor package (Viechtbauer, 2010) in R. 
In deriving effect sizes and confidence intervals, random-effects models were used. Random-
effects models assume variation in effect sizes between studies due to both sampling error and 
true random variance arising from differences between study procedures and settings. The 
analysis included studies with randomly controlled pre-test post-test designs, randomly 
controlled post-test only designs, and within-subjects pre-test post-test designs without control 
groups. Following recommendations by Lakens (2013) for calculating and synthesizing effect 
sizes across study designs, for randomly controlled studies, the pre-treatment means and standard 
deviations for pre- and post-intervention measurements of the control and treatment groups were 
extracted from each study. Hedges’ g, a measure of the standardized mean difference between 
treatment and control groups, was calculated to correct for baseline differences between groups 
on outcome variables, as, when compared to Cohen’s d, it provides an unbiased effect size 
estimate when samples sizes are small or vary within studies (Hedges, 1989). Rules of thumb for 
interpretation of Hedges’ g are as follows: small, d = 0.2; medium, d = 0.5; large, d = 0.8 







designs or lacking a control group (e.g. Zettle, 2003), Hedges’ gav was calculated, as it is a less 
biased estimate of the effect size than Cohen’s dav, and it is considered comparable to Hedges’ g 
in a between-subjects design, therefore facilitating synthesis across study designs (Lakens, 
2013). When studies consisted of post-test only controlled designs (e.g. Vance & Watson, 1994), 
Hedges’ g was calculated using the mean difference between treatment and control-group means 
(Hoyt & Del Re, 2018). Three studies (Schneider & Nevid, 1993; Vance & Watson, 1994; Zettle, 
2003) utilized two treatment groups in addition to a control group. In those cases, to ensure each 
study only contributed one effect size for math performance, effect sizes were aggregated into a 
single composite effect size for each study using the Borenstein, Hedges, Higgins, and Rothstein 
(2009) procedure included as the default in the R package, MAd (Del Re & Hoyt, 2014). 
Results 
Sensitivity Analyses 
Sensitivity analyses (Viechtbauer & Cheung, 2010) were conducted using the 
METAFOR package in R for the random effects model tested. Inspection of studentized 
residuals and covariance ratios indicated that Vance and Watson (1994) was likely an outlier 
(standardized studentized residual = 3.19, DFFTS = 0.86) and omission of the study would 
greatly decrease heterogeneity and improve the precision of the model (ΔI2 = 24.70, covariance 
ratio = 0.73), therefore Vance and Watson (1994) was removed from the analysis. 
Publication Bias 
To account for publication bias, we visually inspected a funnel plot of study effect sizes 
and standard errors, finding little evidence of publication bias. This is further supported by 
Egger’s test of the intercept (Egger, Smith, Schneider, & Minder, 1997), which was non-







rank correlation test for publication bias, which was also non-significant (p = 0.18). Rosenthal’s 
Fail-safe N (Rosenthal, 1979) indicated that 12 studies with effect sizes of 0 would have to be 
added to the meta-analysis to render the summary effect non-significant at the p < .05 level.  
Overall Effect Sizes 
The synthesized effect sizes illustrating the effect of math anxiety interventions on math 
performance are reported in Figure 1.2 along with the study weights (also visually represented by 
the size of the squares on the plot). All effects but one were in the positive direction, ranging 
from -0.07 to 0.56, such that interventions resulted in increases in math performance across 
studies. Relative to the control groups, interventions resulted in a small estimated effect on math 
performance equal to 0.23 SDs, 95% CI [0.07, 0.39], roughly a third of the -0.61 SD math 
performance gap found between low and high math-anxious individuals in Hembree’s (1990) 
meta-analysis. Heterogeneity in the random effects model was low (I2 = 18.3%) and the chi-
square test for heterogeneity was non-significant, Q = 2.47, df = 7, p = 0.93 (Higgins & 
Thompson, 2002; Higgins et al., 2003). With little heterogeneity to explain, moderator analyses 
were not conducted (Borenstein et al., 2009).  
Discussion 
This systematic review and meta-analysis aimed to investigate the effectiveness of 
psychological interventions for math anxiety over the past 30 years across a variety of 
modalities, with modest, but encouraging findings. Meta-analyses indicated small effects for 
math anxiety interventions across empirical studies for enhancing math performance. Due to 
limited power because of the small number of intervention studies conducted since Hembree 
(1990), analyses evaluated treatment and control groups with HMAs and LMAs combined, 







HMA and LMA individuals. Several studies incorporated level of math anxiety as a factor in the 
analysis or included Ms and SDs for treatment and control group subsamples by math anxiety 
group membership, which should be encouraged to facilitate investigation into whether treatment 
effects are conditional on levels of math anxiety. It is possible that treatment effects could be 
even greater for HMA individuals than for the HMA and LMA individuals combined, though the 
opposite may also be true.  
Even more promising, many of the interventions required considerably less resources 
than treatments associated with other trait-level psychological problems, with treatments ranging 
from 8 minutes interacting with written prompts or 7 minutes of expressive writing at the least 
resource-intensive end of the spectrum, to 360 minutes of group therapy at the most, a dose of 
therapy that would be considered brief by mental health clinicians. Additionally, many of the 
shortest social-psychological interventions reported effects comparable or often greater than 
individual or group therapy approaches that require skilled therapists, meeting spaces, and 
significant time commitments. This suggests that math anxiety may not require the more 
resource-intensive approaches often used with anxiety disorders, such as individual or group 
therapy. Also, many of the social-psychological interventions used only written instructions, 
making intervention delivery through online platforms likely feasible and worth investigating. 
These findings are considerably different from those of Hembree (1990), who reported non-
significant summary effects for low-resource investment classroom psychological interventions, 
compared to moderate to large summary effects for cognitive, behavioral, and cognitive-
behavioral therapeutic interventions. 
It must be stated that these interpretations are premature and based on a limited sample of 







published articles or pre-prints, excluding unpublished studies, research reports, dissertations, 
conference proceedings, and other so-called grey literature. Because studies with significant 
effects are more likely to be published, our decision to focus only on the published literature may 
have resulted in an upward bias in our reported effect size (see Borenstein, 2009). While the tests 
of publication bias and Fail-safe N support our conclusions that interventions for math anxiety 
are effective in improving math performance, the inclusion of grey literature in our meta-analysis 
would likely have provided a more precise summary estimate of that effect that is different from 
the one we report here. 
Regarding treatment and intervention recommendations, Hembree (1990) largely 
declined to advance any in his article, concluding only that “treatment can restore the 
performance of formerly high-anxious students to the performance level associated with low 
mathematics anxiety” (p. 44). Researchers, educators, and clinicians must derive their own 
recommendations from his summary in the results section, that the behavioral treatment 
modalities of systematic desensitization, anxiety management training, and conditioned 
inhibition were “highly successful in reducing mathematics anxiety levels,” while cognitive 
restructuring treatments “produced a moderate reduction” (p. 43). Unfortunately, because our 
sample included only 1 or 2 studies investigating each intervention, we can offer little more than 
Hembree (1990) in the way of treatment and intervention recommendations. Cognitive 
interventions faired relatively poorly in our meta-analysis, especially when compared with 
Hembree’s findings. However, our small sample urges caution in drawing any conclusions 
except that these interventions have shown effectiveness in the past and remain worthy of further 
study. While the studies detailing the effects of brief interventions such as stress reappraisal, 







treatments was able to be included in our meta-analysis. As Maxwell et al. (2015) state, “The 
question of whether a pattern seemingly identified in an original study is in fact more than just 
noise can often be addressed by testing whether the pattern can be replicated in a new study” (p. 
487). In their survey of research papers and meta-analyses across psychology, Stanley et al. 
(2018) found that individual studies were overwhelmingly underpowered, concluding that “the 
typical under powered study, individually or when simply combined into a meta-analysis, offers 
little information about the magnitude or significance of the phenomenon it examines” (p. 1342). 
They go beyond Maxwell et al., when it comes to establishing the convincing evidence for an 
effect that the best treatment recommendations are built on, calling for multisite, preregistered 
replication studies or, failing that, the careful meta-analytic synthesis of several unregistered 
replication studies. Overall, when aiming to provide recommendations for treatment, this 
requires an ongoing shift away from the previous criteria of the statistical significance of an 
effect in a single study or replication study and toward a precise estimate of an effect obtained 
via large multisite replications or through pooling statistical power across several studies. That 
said, we hope math anxiety researchers take up this approach with these promising brief 
interventions so evidenced-based recommendations can be offered in the future. 
The small number of empirical studies conducted in the past 30 years indicates that the 
field of psychology is a long way from offering what is possible with respect to interventions for 
math anxiety. With this small set of studies, moderator analyses would likely be underpowered 
and at risk for type II error (Hedges & Pigott, 2001), making questions of moderation difficult to 
pursue. More research is needed on psychological interventions for math anxiety with diverse 
populations and in diverse settings (e.g. Jamieson et al., 2016) to better understand which 







from the development of a consensus around which measures to use for quantifying both math 
anxiety and math performance scores. The studies we synthesized used several different math 
anxiety measures and none of the studies used the same math performance measures, making it 
difficult to pursue the comparisons across interventions needed to generate recommendations for 
education or mental health professionals.  A precursor to this movement toward consensus may 
be basic measurement work investigating measurement invariance of math anxiety and math 
performance measures, to better understand how these measures perform when making the 
comparisons across groups that are essential to investigating conditional processes. While some 
invariance work on math anxiety measures has been conducted in European samples, it remains 
largely unexplored with participants in the U.S.A. This work could inform a thoughtful 
discussion between researchers on which measures may be most useful for the field to adopt 
moving forward. Another area in which convergence could benefit math anxiety researchers is in 
how to define high or low math anxious individuals. Many of the methods currently being used 
by researchers to classify people by their math anxiety scores rely on artificial cut points that are 
somewhat more grounded in statistical convenience than theoretical or empirical justification. 
Updated methods such as latent class or profile analysis could be used to identify more naturally 
occurring groups or to incorporate multiple variables, such as math anxiety, math performance, 
and math avoidance (Wang et al., 2018) to develop cut scores for math anxiety measures that are 
more grounded in students’ experiences or level of risk for adverse educational outcomes. 
Conclusion 
The current study presents a meta-analysis of the effectiveness of interventions for math 
anxiety on math performance over the past 30 years. Across all studies, it was found that 







gap due to math anxiety by approximately a third, suggesting that psychological interventions 
can be a useful adjunct to curricular or systemic interventions in efforts to improve numeracy in 
the U.S. Overall, the findings suggest that individuals with math anxiety may benefit from a 
range of interventions, and that more research on existing and novel interventions for math 
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Table 1.1  
Summary of Study Characteristics 
*Indicates total number of intervention group participants across intervention arms. 
Note. Tx = treatment, MARS = Math Anxiety Rating Scale (Richardson & Suinn, 1972), MARS-30 = 30 item version of the MARS (Suinn & Winston, 2003), AMAS = Abbreviated Math Anxiety Scale 
(Hopko et al., 2003), MARS-R Revised Math Anxiety Rating Scale (Plake & Parker, 1982), MAS = Fennema-Sherman Mathematics Anxiety Scale (Fennema & Sherman, 1976), sMARS = Short Math 
Anxiety Rating Scale (Alexander & Martray, 1989), HMA = high math anxiety, LMA = low math anxiety, RCT = randomized controlled trial. 
 
 
Study Tx Group 
Size 
              Sample    Design          Intervention Math Anxiety 
Measure 
Math Performance Task 
Brunyé et al. 
(2013) 
18 Undergraduate students Within subjects 15 minutes of focused breathing MARS-30 Mental arithmetic 
Jamieson et al. 
(2016) 
46 Community college 
developmental math students 
RCT 8 minutes of stress reappraisal AMAS Developmental math in-class exam 
Kim et al. (2017) 59 9th grade Algebra I students RCT 240 minutes of math lessons with 
cognitive restructuring 
MARS-R Computer-based algebra problems 
Park et al. (2014) 40 HMA and LMA undergraduate 
students 
RCT 7 minutes of expressive writing sMARS Mental arithmetic 
Peters et al. (2017) 112 Undergraduate students RCT 2 15-minute values affirmations MAS Abbreviated objective numeracy scale 
 













Multi-step computer-based arithmetic 
 









360 minutes of Stress Inoculation 





Differential Aptitude Test 
Vance &Watson 
(1994) 
39* HMA undergraduate students 3-arm RCT, post-
test only 
165 minutes of Anxiety 
Management Training or 
Systematic Rational Restructuring 
MARS Departmental algebra exam 
Zettle (2003) 24* HMA undergraduate students 2-arm uncontrolled 
randomized trial, 
post-test only 
360 minutes of individual 
Acceptance and Commitment 
Therapy or systematic 
desensitization 
MARS WRAT3 arithmetic subtest 


























331 Titles screened from PsycINFO and ERIC 
using all text search for (intervention OR 
treatment OR therapy OR prevention) AND 
(arithmetic anxiety OR math* anxiety OR 
calculation anxiety OR statistics anxiety) 








No measurement of math performance (N = 2) 
Curricular or tutoring interventions rather than psychological 
interventions (N = 3) 
Intervention was not a treatment for math anxiety (N = 1) 
Unable to calculate effect sizes from reported data and authors 
unresponsive (N = 2) 




Figure 1.2  
Forest Plot of Random Effects Model of Math Performance 
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2 The Effect of an Online Arousal Reappraisal Intervention on Math Performance: 
Examining the Moderating Role of Math Anxiety 
 For many college and high school students, feelings about math can have an outsize 
effect on significant life events, such as college choice and acceptance, college major, degree 
completion, career path, and income over the lifespan. College students who completed at least 
one advanced math course in high school, a time when many opt out of advanced math due to 
affective or attitudinal factors rather than skill deficits (Ma & Willms, 1999), have over twice the 
likelihood of graduating with a bachelor’s degree than those who did not, independent of reading 
level and math ability (Trusty & Niles, 2003). One reason for this may be that collegiate 
developmental math classes, often a mandated destination for students who do not complete 
advanced math coursework, have the highest failures and withdrawal rates in higher education 
(Noel-Levitz, 2006). This can be a significant barrier toward degree completion, as 70% of these 
courses do not count toward degree credit and frequently have to be taken more than once, as 
only 30% of students pass all of their developmental math courses and roughly 20% of students 
simply avoid enrolling in the required courses at all (Bonham & Boylan, 2011). While many 
individual, systemic, and environmental factors interact to produce these outcomes, math anxiety 
has emerged as especially salient, as it has been repeatedly associated with math avoidance and 
negative developmental trajectories in math learning and achievement (Ahmed, 2018). 
Math Anxiety and its Associations 
 Math anxiety, or feelings of tension, apprehension, or anxiety that inhibit one’s ability to 
successfully engage in mathematical tasks, is most frequently operationalized as a 
multidimensional personality construct consisting of two higher order factors. The first factor, 
Mathematics Test Anxiety, defined as anxiety associated with thinking about or performing math 
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in evaluative situations, is incorporated in virtually every two-factor model of math anxiety. 
While they tend to agree on the inclusion of a Mathematics Test Anxiety factor, 
operationalizations of math anxiety differ in their interpretation of the second factor. Some scales 
measure a Numerical Anxiety factor, defined as tension and fear related to having to use math or 
numeracy skills in everyday life (Rounds & Hendel, 1980). Other scales operationalize the 
second factor as Learning Math Anxiety, or anxiety due to engaging in or thinking about 
activities related to learning math (Hopko, 2003). Math anxiety is widely considered a persistent, 
trait-level construct that is associated with, but distinct from both test anxiety and state and trait 
anxiety (Hembree 1990; Kazelskis et al., 2000). Decades of research on math anxiety has 
illustrated its negative associations with variables such as math self-concept, math self-
confidence, math enjoyment, math achievement, and math performance (Hembree, 1990; Ma, 
1999). Students with higher levels of math anxiety also have a greater tendency to avoid 
mathematics, taking fewer high school math courses, showing lower intentions in high school 
and college to take additional math courses, and indicating lower openness to careers in physical 
science (Hembree 1990; Chipman et al., 1992). The negative relationships between math anxiety 
and math performance and math anxiety and math achievement are at the heart of why math 
anxiety may be a crucial element to address to improve student outcomes. 
Accounts of Math Anxiety 
 In their narrative review of the math anxiety literature, Ramirez et al. (2018) discuss two 
primary accounts of math anxiety’s relationship with student performance and achievement. The 
disruption account posits that math anxiety causes decrements in math performance through 
temporary reductions in working memory (WM) capacity. Working memory capacity is 
important because math problem solving becomes more and more dependent on working 
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memory as number values increase and individuals must turn to strategies rather than simply 
retrieving the answer from long term storage (Ashcraft & Krause, 2007). In the disruption 
account, math anxiety, when activated by a math task, is thought to increase the potential for 
negative and ruminative cognitions, often related to the consequences of failure at math. 
Cognitive and affective engagement with these cognitions and ruminative processes act like a 
secondary task, drawing away working memory resources needed to solve higher order 
mathematical operations (e.g. carrying operations; Ashcraft & Kirk, 2001). Alternatively, the 
reduced competency account theorizes that math anxiety is a product of lower numerical/spatial 
skills, which cause underperformance and failure experiences in math and resultant anxiety. 
Similar to other accounts of anxiety and avoidance, math anxiety, conditioned by negative 
experiences with math, then leads to avoidance of math classes and other opportunities to 
improve math skills. This account is supported by research with math anxious students, who 
report taking fewer math courses and having lower intent to take math courses (Hembree, 1990). 
The authors argue that math anxiety develops in relation to individuals’ appraisals of previous 
experiences with math and the outcomes of those experiences. Rather than simply arising from 
avoidance of math, math ability deficits, exposure to societal narratives regarding who is good at 
math, or unhelpful cognitions that siphon off WM resources, students’ interpretations of their 
lived experience with math and associated internal states are integral to determining who 
develops math anxiety and the effect of math anxiety on performance. 
The Role of Appraisal in Math Anxiety  
Empirical studies provide support for Ramirez et al.’s (2018) contention that appraisals 
are an important component of math anxiety. Shi and Liu (2016) illustrated the negative effect 
that intrusive thoughts arising from negative appraisals can have on working memory in math 
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anxious students. The authors divided their sample of Chinese undergraduate students into HMA 
and LMA students and randomized them into two different conditions in which WM capacity 
was tested with a reading span task. In the math-related condition, participants read sentences 
related to dysfunctional beliefs, appraisals, or responses regarding math. In the neutral condition, 
the sentences involved neutral stimuli. Shi and Lui found that in the math-related condition, 
when compared to the neutral condition, WM was reduced in math-anxious students, providing 
support for negative appraisals and anxious thoughts as a causal factor in WM deficits in math 
performance situations. 
Lyons and Beilock (2012) investigated neural differences between high and low 
performing individuals with significant math anxiety using functional magnetic resonance 
imaging (fMRI) during problem-solving tasks. Participants answered sets of word problems and 
sets of mental arithmetic problems and were cued before each set as to whether the next set 
would consist of word or math problems. The fMRI results indicated that when cued to expect 
math problems, high performing math anxious participants showed greater activation of a 
frontoparietal network associated with the control of negative emotions, suggesting that emotion 
regulation strategies such as appraisal may be a factor in higher levels of performance in math 
anxious individuals. 
Arousal Reappraisal 
 While the high-performing HMA individuals in Lyons and Beilock’s (2012) study may 
have learned to attenuate their negative affective responses to math through trial and error, 
interventions that aim to efficiently teach individuals similar skills with regards to their 
physiological stress responses have been developed and are in the process of being tested. These 
interventions, known as arousal reappraisal, rely on the biopsychosocial model of challenge and 
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threat for their theoretical underpinnings (Jamieson et al., 2013). In their biopsychosocial model 
of challenge and threat, Blascovich and Mendes explained that challenge states and threat states 
are two types of acute stress responses highly influenced by situational appraisals. Threat states 
are experienced when demands are appraised to outstrip available resources. Challenge states are 
experienced when resources are appraised to be greater than situational demands. These states 
have differential patterns of physiological responses. Challenge states tend to result in greater 
cardiac efficiency and increased vasodilation for greater blood flow, while threat states exhibit 
less efficient cardiac responses and constriction of blood vessels, making it more difficult to 
move blood throughout the periphery of the body. These states also place different demands on 
cognitive resources. Relative to challenge states, threat states have been associated with greater 
negative affect and increased attentional bias toward negative information and threat cues 
(Jamieson et al., 2012; Jamieson et al, 2013). By teaching recipients to change cognitions 
regarding their physiological arousal and view it as an adaptive coping response, Jamieson et al. 
(2013) theorize that arousal reappraisal interventions can make recipients more likely to respond 
to acute stressors through challenge rather than threat states.  
Previous work on arousal reappraisal has demonstrated positive effects on math 
performance. Jamieson, Mendes, Blackstock, and Schmader (2010) tested an arousal reappraisal 
intervention with undergraduate students planning to take the Graduate Record Examination 
(GRE). Before taking a practice GRE in the lab, students were randomized into two groups. The 
intervention group received a prompt informing them that research showed that their 
physiological arousal could help, rather than harm, their performance on the test and that, if they 
felt anxious, they should remind themselves that their arousal could enhance their performance. 
It is important to note that this intervention is relatively brief, with its longer iterations taking no 
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more than 8 minutes for student to complete. After completing the practice test and a one to three 
month waiting period, the students returned to the lab when they had completed an in vivo GRE 
attempt and their score reports were incorporated into the dataset. Jamieson et al. (2010) found 
that both in the practice and naturalistic testing situations, students who had received the 
reappraisal intervention scored higher on the math section of the GRE, but showed no effect on 
verbal performance. This is likely due to the executive functioning and WM demands placed on 
cognitive systems by GRE math problems. As detailed in the disruption account, viewing one’s 
physiological stress responses as ego-syntonic and facilitative may help free up cognitive 
resources that had been focused on negative cognitions or self-monitoring the perceived threat of 
distressing levels of arousal.  
 A variation of this intervention was tested in a 2 x 2 randomized controlled design with 
female college students. Half the students experienced a laboratory stereotype threat 
manipulation in which a math exam modeled after the GRE was described as an indicator of 
intellectual ability that produced gender-differences in performance, while the other half received 
gender-fair instructions (John-Henderson, Rheinschmidt, & Mendoza-Denton, 2015). The 
authors found that female students in the stereotype threat condition that did not receive the 
arousal reappraisal intervention performed significantly worse than students who did, with the 
intervention effectively closing the stereotype threat performance gap. Also, participants were 
tested for cytokine Interleukin-6 (IL-6), an indicator of inflammation and physiological stress, 
before and after the exam. Participants who received the arousal reappraisal intervention had 
lower levels of inflammation regardless of testing condition. There were no significant 
differences in the no-threat condition between the intervention and control groups. As temporary 
reductions in WM have been identified as a causal factor in math underperformance due to 
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stereotype threat effects (Maloney, Schaeffer, & Beilock, 2013), this study provides further 
support for arousal reappraisal as an effective intervention when WM capacity is potentially 
attenuated due to cognitive load. 
 A further test of arousal reappraisal interventions was conducted by Jamieson, Peters, 
Greenwood, and Altose (2016) with students enrolled in a community college developmental 
math course over several semesters. Using a naturalistic design, students were randomized into a 
control or arousal reappraisal condition. The first in-class exam served as a pretest, with a second 
in-class exam acting as the posttest, before which the intervention or control condition was 
delivered. Students who received the intervention reported reductions in math anxiety at posttest, 
with greater math exam performance than the control group. The authors examined mechanisms 
behind this effect, finding that students who reappraised their arousal had higher perceived 
coping resources than those in the control condition. 
Areas for Future Research 
 Jamieson and co-authors (2016, p. 7) shared their hopes for further research on arousal 
re-appraisal and math anxiety, stating, “This research also calls for future research on the 
moderating role of math anxiety. Given the relatively low (in an absolute sense) math anxiety 
group means… it is possible that the reappraisal manipulation examined here is only effective for 
individuals exhibiting moderate levels of anxiety.” Ostensibly, with interventions such as arousal 
reappraisal, the objective is to buffer the effects of stress or math anxiety on the most vulnerable 
individuals, i.e., the most math anxious. Without examining whether math anxiety moderates the 
effect of arousal reappraisal interventions on math performance or other outcomes of interest, 
there is no way to know that the highly math anxious individuals being targeted are benefiting 
from the intervention, because the effects may be mainly due to performance gains in individuals 
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with low or moderate math anxiety. Therefore, a necessary next step in evaluating arousal 
reappraisal interventions in relation to math anxiety and performance is to address the question 
of moderation.  
Jamieson and co-authors also asserted, “it is our hope that this and other intervention 
approaches can be distilled, scaled, and disseminated to potentially improve students’ lives at 
near zero cost” (2016, p. 7). While we believe that more research is needed on the effectiveness 
of arousal reappraisal with math anxious students before committing to large-scale scale 
implementation in college courses, one way to test the scalability of this intervention is to 
administer it in an online format, an approach not yet tested by researchers. Though higher 
education enrollments decreased by 3.2% overall between 2012 and 2015, the proportion of 
students in higher education taking at least one online course has increased by 11% during the 
same period, to 32% of students (Allen & Seaman, 2017). During this period, online-only 
enrollment has increased by 9.6% percent for undergraduate students, with a 30% increase in 
online-only undergraduate enrollment in public institutions. This growth in online learning is in 
contrast to a 5% decline in on-campus enrollment from 2012-2015 across institutions of higher 
learning and a 4% decline in public institutions. These trends have been rapidly accelerated by 
the widespread adoption of online and hybrid learning formats due to social distancing 
requirements necessitated by the COVID-19 pandemic beginning during the Spring 2020 
semester and continuing into the Fall 2020 semester (College Crisis Initiative, 2021). While, as 
of April 2021, most four-year colleges in the U.S. have announced plans to return to majority in-
person classes, community colleges are not following suit (Burke, 2021). Also, college students 
have indicated that they prefer to take some of their courses in an online format, pointing to a 
continuation of the shift toward greater online learning (McKenzie, 2021). To summarize, 
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enrollment trends indicate that higher education is increasingly being conducted in online 
formats, arguably at the expense of traditional in-class enrollment. Therefore, to keep pace with 
trends in educational enrollment, it is important to test psychological interventions targeting 
underperforming students in online as well as in-person formats. 
The Present Study 
 To address these gaps, the current study examines the effects of a brief online arousal 
reappraisal intervention on math anxiety and math performance, testing whether levels of math 
anxiety prior to the intervention moderate the effects of arousal reappraisal on math performance 
and whether levels of math anxiety after the intervention mediate the effect of the intervention on 
math performance.  
Hypothesis 1. We predict that the intervention/control condition will significantly predict 
math performance, such that participants receiving the arousal reappraisal intervention will 
perform better on a math posttest than those in the control group. 
Hypothesis 2. We predict that the intervention/control condition will significantly predict 
math anxiety at Time 2, such that participants receiving the arousal reappraisal intervention will 
endorse less math anxiety than those in the control group when controlling for math anxiety at 
Time 1. 
Hypothesis 3.  We predict that math anxiety at Time 1 will moderate the effect of the 
intervention/control condition on math performance. We hypothesize that due to the increased 
tendency of HMA individuals to experience negative emotional reactions to arousal in math 
performance contexts and associated cognitions that interfere with WM, there will be a greater 
conditional effect of arousal reappraisals on math performance at higher levels of math anxiety. 
Specifically, we predict that HMA individuals who receive the intervention will show greater 
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increases in math performance relative to the control group than moderate or LMA individuals 
who receive the intervention.  
Hypothesis 4. We predict that Time 2 Math Evaluation Anxiety will mediate the effect of 
the intervention/control condition on posttest math performance scores. Specifically, we predict 
that participants receiving the intervention will show significant reductions in Math Evaluation 
Anxiety when compared to the control group and that a significant amount of the variance in 
predicted intervention group increases in Time 2 math performance scores will be accounted for 
by reductions in Time 2 Math Evaluation Anxiety. 
Method 
Participants 
Participants were college students recruited from undergraduate courses at an urban 
university in the southeastern United States. The sample included 268 USA college students (179 
women [66.7%], 85 men, 4 missing gender data). Ages ranged from 18 to 67 years (M = 23.1; 
SD = 5.9), with about 83% of the students aged 18-25 years. The racial/ethnic distribution was 
39.9% Black or African American, 22.4% Asian or Asian American, 20.1% White, Non-
Hispanic, 8.6% Hispanic or Latin-x, 7.8% Multi-racial, 0.4% Native American or Alaska Native, 
and 0.7% in other categories. Comparatively, in 2019, the racial/ethnic distribution of the 
undergraduate student body (59.2% women, 40.7% men) at that university was approximately 
42.1% Black or African American, 15.2% Asian or Asian American, 22.8% White, Non-
Hispanic, 12.6% Hispanic or Latin-x, 6.5% Multi-racial, 0.1% Native American or Alaska 
Native and 0.6% in other categories or missing (U.S. Department of Education, 2021). For their 
participation, some students received credit toward a research requirement in their courses while 
others obtained nominal extra credit per instructor preferences. The diversity of the sample is a 
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strength. Though Hembree’s (1990) meta-analysis of five studies (N = 804) comparing levels of 
math anxiety in White and Black/African American college students found no significant 
differences between the groups, as illustrated by the meta-analysis we undertook earlier, there is 
a dearth of intervention research with non-White samples, with Jamieson (2016) being the only 
study meeting inclusion criteria within the past 30 years. 
Procedure 
 To address the research question, a randomized pre-test post-test with control design was 
utilized with data collected at two time points, the assessment stage (Time 1) and treatment stage 
(Time 2). All surveys and interventions were administered through Qualtrics, an online survey 
platform. Students who signed up for the study through the university’s research participation 
portal and consented to participate first completed the Time 1 measures. One week later, 
participants who successfully completed the Time 1 measures were invited through an email 
prompt to complete the treatment stage of the study. At Time 2, to better approximate the 
evaluative threat of a real testing situation, all participants were prompted that, “This study is 
concerned with measurement of math and reasoning abilities. You will be working on reasoning 
problems as part of a test designed to measure math intelligence and predict success in collegiate 
mathematics courses. Your scores will be compared with those of other participants to rank your 
chances of success in collegiate math courses. Please make a strong and genuine effort on the 
test to allow for accurate evaluation of your abilities and limitations.” Similar prompts have been 
shown to induce evaluative threat responses in undergraduate students (Martens, Johns, 
Greenberg, & Schimel, 2006). Participants were then randomly assigned to the arousal 
reappraisal or control condition. Specifically, we used the randomizer feature in Qualtrics to 
randomly present either the arousal reappraisal or control component to the participants. Next, 
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participants in the arousal reappraisal condition received an intervention, adapted from Jamieson, 
et al. (2016) with only minor changes (see Appendix G). Participants in the arousal reappraisal 
condition read a series of summaries of faux scientific articles that reflect the theme that arousal 
should be viewed as adaptive and facilitative in challenging situations, rather than distressing or 
harmful, and that arousal aids performance. After each article, participants were required to 
provide brief written responses of at least 20 characters to questions that served to reinforce the 
information provided and act as a manipulation check. To match the reading and writing time of 
the intervention group participants as closely as possible, the control group read a series of 
summaries of nature articles about how birds have evolved to meet the demands of flight (see 
Appendix H). Control group participants read the same number of summaries as participants in 
the arousal reappraisal condition and were also required to provide brief written responses of at 
least 20 characters to questions about each article as a manipulation check. The control group 
article summaries and the question prompts that followed were matched to counterparts in the 
arousal reappraisal condition such that the passages were identical in word count and within the 
same Flesch Kinkaid Grade reading level. All passages were on or below the 8th grade reading 
level. Participants in the intervention group averaged 36 words per response while those in the 
control group typed an average of 47 words per response.  After the intervention or control, 
participants completed the Time 2 math anxiety measures followed by the post-test math 
performance measures. Concealment was used in several ways throughout the course of the 
study. To reduce potential selection effects, in the portal the participants used to access the study, 
we described the study as related to personality, reasoning, and collegiate success and did not 
inform participants of the quantitative nature of the tasks they would be completing or that the 
study would be focused on math anxiety. Our threat-induction prompt informed students that 
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their scores would be compared with those of other students to rank their chances of collegiate 
success, while no actual comparisons were made, nor would it be likely that those ranks would 
be predictive of their collegiate success. Upon completion of the study, participants were given 
more information about the study, including the elements of concealment. Participants were also 
informed that “math achievement tests such as the ones you took as a part of this study cannot 
account for the amount of effort you will put into your future studies, which is an extremely 
important factor in academic success.” 
Measures 
Math anxiety. Math anxiety was measured using the Abbreviated Math Anxiety Scale 
(AMAS; Hopko, Mahadevan, Bare, & Hunt, 2003). The AMAS is comprised of two subscales, 
LMA (5 items), assessing anxiety related to learning math (e.g. “Listening to a lecture in math 
class”) and MEA (4 items), capturing anxiety regarding performing math in an evaluative 
context (e.g. “Being given a ‘pop’ quiz in math class”). It uses a 5 point response scale ranging 
from 1 (low anxiety) to 5 (high anxiety) with higher scores indicating greater levels of math 
anxiety. Studies incorporating the AMAS have reported high internal consistency in college 
samples, with coefficients α in the mid 0.80 to low 0.90 range for the full scale and both 
subscales (Douglas & LeFevre, 2018; Hopko et al., 2003; Schillinger, Vogel, Diedrich, & 
Grabner, 2018). Hopko et al. (2003) reported excellent test-retest reliability over a two-week 
period for the AMAS (r = 0.85) and the LMA (r = 0.78) and MEA subscales ((r = 0.83). The 
AMAS has shown good psychometric qualities and while, like other math anxiety measures, 
measurement invariance across gender and race in U.S. samples has not been reported, there has 
been support for gender invariance in Italian samples (Primi et al, 2014).  
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Math Performance. Math performance pre-test and post-test measures were created by 
dividing items of the CFT (Sowinski, Dunbar, & LeFevre, 2014) and the BMA-3 (Steiner & 
Ashcraft, 2012) into two equal forms of 95 items each. The CFT, developed to improve on 
existing measures of speed and accuracy of multi-digit calculation, consists of one 60-item page 
each of double-digit addition, subtraction, and multiplication problems. For each operation, 
following the completion of two practice items, participants are given one minute to complete as 
many problems as possible. Estimates of the internal consistency of the CFT have been high, 
with Cronbach’s α of 0.90 or greater (Douglas & LeFevre, 2018; Sowinski et al., 2014) and 
approximately normal distributions of scores. The CFT has shown good convergent validity with 
other arithmetic skill measures (Bourassa, 2014) and correlations in the expected directions with 
math anxiety in previous studies (Douglas & LeFevre, 2018; Sowinski et al., 2014). To create a 
split form with different items on the pre and posttest to prevent practice effects, odd numbered 
items were assigned to the pretest and even numbered items were assigned to the posttest. As a 
result, each test consisted of one page of 30-items for double-digit addition, one page of 30-items 
for double-digit subtraction, and one page of 30 items for double digit multiplication. 
Participants were given 30 seconds rather than the typical 60 seconds per page to complete as 
many items as possible due to the reduced number of items. Scoring of this measure is based on 
the total number of correct items. 
The BMA-3, based on items from the Wide Range Achievement Test 3 (WRAT3; 
Wilkinson, 1993), was created by Steiner and Ashcraft (2012) as a 10-item brief assessment of 
math achievement for university students that could substitute for the full version of the WRAT3 
in studies of math anxiety. BMA-3 items increase in difficulty as the assessment proceeds. The 
BMA-3 has an overall correlation of 0.66 with the fourth edition of the WRAT (WRAT4; 
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Wilkinson & Robertson, 2006), which the authors related to the decreased difficulty of the 
WRAT4 when compared to the WRAT3. Steiner and Ashcraft (2012) reported adequate internal 
consistency in the initial sample, with Cronbach’s α = 0.69. Scores on the BMA-3 have 
correlated negatively with math anxiety with correlations ranging from r = -0.27 to r = -0.41 
(Douglas & LeFevre, 2018; Steiner & Ashcraft, 2012), which is consistent with past research on 
math anxiety and math achievement (Hembree, 1990). Scoring of the BMA-3 is based on the 
total number of correct items.  
To construct a split form of the BMA-3 to minimize practice effects, values used in 
individual items were modified slightly to create 10 additional items requiring the same 
procedures as the original items, but with different item solutions. This mirrored the process 
reported by Steiner and Ashcraft of creating the BMA-3 by modifying WRAT3 items. The items 
generated in this fashion were sequenced from easiest to hardest, corresponding to the 
arrangement of the original items of the BMA-3, and used as a pre-test measure of math 
achievement.   
Data Analysis 
 Power analyses. Consistent with recommendations by Frazier, Tix, and Barron (2004), a 
priori power calculations were conducted in G*Power (version 3.1.9.2; Faul, Erdfelder, Lang, 
Buchner; 2007) to provide guidance on appropriate sample size to detect hypothesized main and 
interaction effects. To achieve power of 0.80 to detect the d = 0.61 effect size consistently 
reported in arousal reappraisal interventions (Jamieson et al, 2016) for math performance, given 
an alpha level of .05 and assuming equal sized treatment and control groups, a minimum total 
sample size of 68 (34 participants per group) is required. For math anxiety, achieving power of 
0.80 to detect the d = 0.49 effect of arousal reappraisal on math anxiety found in Jamieson et al. 
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(2016), the only arousal reappraisal study to measure changes in math anxiety, requires a 
minimum total sample size of 106 (53 participants per group). The test of the moderation effect 
involves a null hypothesis test of whether the percentage of variance explained by the 
intervention/control condition x math anxiety interaction term is significantly different from zero 
(Jaccard, Turrisi, & Wan, 1990). To achieve 0.80 power, given a relatively small (Cohen, 1988), 
but meaningful effect of f2 = .053, or ~5% of the variance in math performance accounted for, a 
minimum total sample size of 230 (115 participants per group) is required. 
 For the mediation analyses, power was calculated using correlations and standard 
deviations calculated from Jamieson et al. (2016) and Hembree (1990). Monte Carlo simulations 
were run using Schoemann, Boulton, and Short’s (2017) web-based power analysis tool. For 
analyses to achieve .80 power to detect an indirect effect of arousal reappraisal on math 
performance through math anxiety given a correlation of r = -0.21 (between a small and medium 
effect) between the intervention/control condition and math anxiety, r = 0.14 (a small effect) 
between the intervention/control condition and math performance, and r = -0.25 (halfway 
between a small and medium effect) between math anxiety and math performance, a minimum 
total sample size of 208 (104 participants per group) is required. This minimum sample size is 
further supported as a conservative estimate according to simulation studies conducted by Fritz 
and Mackinnon (2007). Testing the power of the percentile bootstrap method we used with an 
effect size for the a and b paths of a simple mediation model halfway between a small and 
medium effect size, as we predict the magnitude of our effects will be, Fritz and Mackinnon 
estimated that a minimum sample size of 162 participants would be required to have power of 
0.80 to detect an indirect effect at the a = 0.05 level. 
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 Data screening. To screen for and exclude participants who demonstrated behavior 
consistent with insufficient effort responding, we utilized a combination of proactive and 
reactive approaches (Dunn et al., 2018). Proactively, we embedded directed response items (e.g. 
“Select high anxiety for this item.”) into the Time 1 and Time 2 AMAS surveys (Meade & Craig, 
2012). As the first step of the data screening process, these items were reviewed after 
participants completed the Time 1 surveys and again following Time 2. Fifty-one participants 
were excluded from the study following Time 1 due to failing to enter the directed response and 
an additional 9 participants were excluded following Time 2. Next, we utilized reactive, or post-
hoc, approaches. We examined participant response times for the Time 1 and Time 2 surveys 
separately, as overly brief response times suggest a lack of effortful engagement with the survey 
items. None of the remaining participant responses were under the 2s per item cutoff suggested 
by Huang and co-authors (2012), therefore no participants were excluded using this method. 
Finally, we conducted a manipulation check by analyzing participants’ text responses to the 
reappraisal and no-appraisal writing prompts. Participants in the treatment group who did not 
write about how the information in the articles could help them on the exam were excluded from 
the analysis. Similarly, participants in the control group who did not write about how the 
anatomy of birds evolved to help them fly were also excluded from the analysis. Of the 
remaining 276 participants, seven were excluded from the treatment group, and one participant 
was excluded from the control group, leaving a sample of 268 participants whose data were 
analyzed.  
 Several themes emerged from students’ text responses to the intervention. Many students 
wrote about learning that “stress is positive” and to not think of stress “as a negative thing.” 
Several students wrote that it was helpful to know that their stress response worked to provide 
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“fuel to the brain” and get the “body prepared for the task.” Other themes emerging from 
students’ writing was that it was “reassuring” to know that their stress response was “normal” 
and that there was “nothing wrong with me” for experiencing the stress response. These themes 
tended to emerge in the writing of both high and low math anxious students (defined as one SD 
above and below the total AMAS score mean respectively). However, highly math anxious 
students tended to be more likely to write about learning to “change my perception of stress” and 
about “controlling stress,” while lower math anxiety students were more likely to write explicitly 
about stress being “an advantage” or something to “embrace.” 
Data Analytic Strategy. A regression framework was used to analyze the data for 
questions of interest, as regression models utilizing pretest covariates reduce SSresidual to provide 
more precise estimates of treatment effects and are particularly useful in testing and quantifying 
conditional effects of interactions between categorical predictors and continuous moderators 
(Darlington & Hayes, 2016). To test the hypothesis that arousal reappraisal enhances math 
performance, the dichotomous intervention/control condition variable and pretest math 
performance scores were entered into a regression model as predictors with posttest math 
performance scores as the outcome variable. The model was run twice, first with BMA-3 pretest 
scores as a predictor/covariate and BMA-3 posttest scores as the outcome variable and again 
with CFT pretest scores predicting CFT posttest scores. 
 To test the second hypothesis, that arousal reappraisal reduces math anxiety, the 
intervention/control condition variable and pretest AMAS factor scores (Learning Math Anxiety 
and Math Evaluation Anxiety) were entered in the model as predictors, with Time 2 AMAS 
scores as the outcome variable. To test for differential effects on LMA and MEA, the analysis 
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was run twice, first with pretest LMA as a predictor and posttest LMA as the outcome variable 
and again with pretest MEA as a predictor and posttest MEA as the outcome variable. 
To test the third hypothesis, that the effect of arousal reappraisal on math performance is 
moderated by math anxiety, we constructed moderation models using Hayes’ (2017a) PROCESS 
macro with the intervention/control condition variable as the focal predictor (X), pretest math 
anxiety scores as the moderator (W), posttest math performance scores as the outcome variable 
(Y), and pretest math performance scores as a covariate. We tested a model with LMA as the 
moderator and BMA-3 scores as the outcome variable, then tested the model again with CFT 
scores as the outcome variable. We completed the same process with MEA as the moderator, 
constructing four models in total.  
 To test the fourth hypothesis, that reductions in math anxiety will mediate the positive 
effect of arousal reappraisal on Time 2 math performance, we used Hayes’s PROCESS macro 
(Hayes, 2017a) to construct mediation models with the intervention/control condition variable as 
the focal predictor (X), posttest math anxiety scores as the mediator (M), and posttest math 
performance scores as the outcome variable (Y). As an inferential test of mediation, for each 
model, we calculated bootstrap (10,000 samples) 95% confidence intervals for the indirect effect 
of the intervention/control condition on Time 2 math performance scores through Time 2 math 
anxiety. Time 1 math performance scores were included in the models as a covariate. As with the 
moderator analyses, the mediator model was run four times, with combinations of Time 2 LMA 
or MEA scores as the mediator (M), and Time 2 BMA-3 or CFT scores as the outcome variable 
(Y).  
Results 
Preliminary Analyses  
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Table 2.1 presents descriptive statistics and basic correlations for the math anxiety and 
math performance variables by treatment group. Time 1 LMA and MEA scores and internal 
consistency were comparable to other recent studies with undergraduates (Jamieson et al., 2020; 
Schillinger et al., 2018). Time 1 BMA-3 scores were also in line with those reported by past 
studies with college samples, though the internal consistency was poor and lower than past 
studies (Douglas & LeFevre, 2018; Steiner & Ashcraft, 2012). Estimates of the internal 
consistency of the BMA scores for the intervention group in this study indicated that the scores 
for that group were comprised of about equal parts of true score and measurement error, making 
it extremely hard to draw valid statistical conclusions from scores obtained using that measure. 
This low internal consistency of the BMA-3 scores in our study may be in part due to the 
escalating difficulty of BMA-3 items. When correcting for time allowed for the task, students in 
our sample scored 6-7 points lower on average on the CFT at Time 1 than the Canadian 
undergraduate students assessed in previous studies (Douglas & LeFevre, 2018; Sowinsky et al., 
2014), which may be due to differences between the Canadian and U.S. educational systems. 
CFT internal consistency was good and slightly lower than in past studies. 
To evaluate the success of randomization procedures, chi-square tests of independence 
were conducted to ensure the intervention and control groups did not significantly differ on 
gender χ2(2, N = 268) = 1.11, p = 0.57 or race χ 2(6, N = 268) = 8.68, p = 0.19. Independent 
sample t-tests were conducted to evaluate pre-treatment intervention/control differences on LMA 
t(266) = 1.05, p = 0.29, MEA t(266) = -0.99, p = 0.32, BMA-3 t(265) = 0.45, p = 0.66, and CFT 
scores t(266) = -0.97, p = 0.33. The null hypothesis that the control and intervention groups 
differed on pre-treatment or demographic variables was rejected for each of these tests, 
supporting the efficacy of randomization procedures.  
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Regression diagnostics were conducted to evaluate the structure of the data, determine if 
the fitted regression model adequately represented the data, identify influential cases, and detect 
violations of the typical regression assumptions of homoscedasticity, normality, and linearity. 
We used procedures described by Darlington and Hayes (2016) to assess for potential 
heteroscedasticity by examining the relationship between the square of the t-residual (the t-
residual is referred to as the “studentized deleted residual” in SPSS software) and the regressors 
in each model we constructed. Under the standard assumptions of regression, the variance of the 
t-residuals should be the same regardless of the values of the regressors. Therefore, any 
association found between the squared t-residual and a regressor or set of regressors is evidence 
against the assumption of homoscedasticity. This test involves transforming each squared t-
residual into normalized scores known as Van der Waerden scores. The transformation is 
accomplished by first forcing the distribution of the squared t-residual to be approximately 
normal by replacing the values of the squared t-residual with their ranked position in the 
distribution (e.g. the smallest squared t-residual will have a value of 1, the second smallest will 
have a value of 2, etc.). These ranks are then divided by 1 + N and converted to Z-scores, in our 
case by using the IDF.NORMAL function in SPSS, to produce the Van der Waerden scores, 
which are approximately normally distributed. The Van der Waerden scores are then regressed 
on all the regressors in the model being tested. If the multiple correlation, R, is statistically 
significant, there is evidence that the Van der Waerden scores are not independent of the 
regressors and that the assumption of homoscedasticity is not tenable. We completed these 
procedures for each model we constructed, finding violations of the assumption of 
homoscedasticity for both the LMA (R = .31, p < .001) and MEA (R = .20, p = .004) models 
tested as part of Hypothesis 2 as well as for the moderation model regressing Time 2 BMA-3 
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scores on the dichotomous condition variable, Time 1 MEA scores, and their interaction term (R 
= .19, p = .04) tested as part of Hypothesis 3.  
Regarding normality, Shapiro-Wilk tests (Shapiro & Wilk, 1965) indicated a lack of 
support for the assumption that data for the Time 1 and Time 2 MEA, LMA, CFT, and BMA-3 
variables were sampled from a population that is normally distributed on those variables (ps < 
.001). Plots of Pearson residuals versus fitted values and versus the values of individual 
regressors displayed evidence of systemic features and, in the case of the moderation models, 
isolated points, highlighting possible violations of the assumption of normality (Fox & Weisberg, 
2019). Additionally, Studentized residuals, Cooks distances, DFFTS, and DFBETAS calculated 
for each model revealed the presence of influential cases that significantly affected the regression 
surface and, in turn, decisions about which models best fit the data. These cases were scrutinized 
and errors in data recording or calculation were ruled out.  
Due to the violations of linear regression assumptions detailed above, we adjusted our 
analytic approach in two major ways. To account for heteroscedasticity and the presence of 
influential data points, standard errors were calculated using the HC4 heteroscedasticity-
consistent standard error estimator. In simulations involving high leverage data points, HC4 has 
exhibited less bias in inferential tests than other heteroscedasticity-consistent standard error 
estimators (Cribari-Neto, 2004). The HC4 estimator is available through the PROCESS (Hayes, 
2017a) and RLM macros (Darlington & Hayes, 2016) for SPSS. We also constructed 95 
percentile bias-corrected bootstrap confidence intervals, utilizing 10,000 bootstrap samples, for 
all the regression coefficients in the models tested, which are the confidence intervals we report 
in the text. Methodological studies (Kelley, 2005; Russell & Dean, 2000; Wood, 2005) support 
the use of nonparametric bootstrap techniques when analyzing nonnormal data, or when 
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traditional linear regression assumptions are untenable. Additionally, bootstrapping has more 
power to detect interaction effects than alternatives such as logarithmic transformation, without 
the interpretive complications that arise when data is transformed.  
To test the assumption of linearity, we created quadratic functions by adding the square 
terms of predictors to our regression models and assessed for significant (p < 0.05) change in 
model R2 (Cohen et al., 2003; Darlington & Hayes, 2016). For example, to assess for nonlinearity 
in the moderation model regressing Time 2 BMA-3 scores on the dichotomous condition 
variable, Time 1 MEA scores, and their interaction term, tested as part of Hypothesis 3, we 
added the square term of Time 1 MEA scores as well as the interaction term of the squared Time 
1 MEA scores and the dichotomous condition variable (Hayes, 2017b). The squared term of the 
dichotomous condition (X) variable was not included in these models because there is no 
mathematical difference between it and its squared term. For all the nonlinear models tested, 
none of the squared terms or interaction terms including squared predictors were significant 
predictors of the dependent variable and adding the squared terms did not result in significant 
changes in model R2 (ps > .05). These findings support the assumption that the relationship 
between the predictors and outcome variables is a linear one. 
There was little missing data in our dataset. Time 1 and Time 2 BMA scores were both 
missing a single case out of 268 (0.4%) and the gender variable had 4 missing cases (1.6%). All 
other variables of interest contained complete data. Little’s missing completely at random test 
χ2(14, N = 268) = 36.20, p = .001 supported the hypothesis that data were not missing completely 
at random. Missing cases were handled via listwise deletion. Accordingly, analyses incorporating 
BMA scores included 266 cases, while all other analyses included the full 268 cases. 
Regression Analyses 




 In Hypothesis 1, we asserted that the intervention/control condition would significantly 
predict posttest math performance scores, when controlling for pre-test scores. For both the 
BMA-3 and CFT models, the intervention/control condition variable was not a significant 
predictor of the posttest math performance scores, ps > .26 (see Table 2.2), and both sets of 
confidence intervals straddled zero, indicating a null treatment effect and failure to reject the null 
hypothesis. For both models, pre-test math performance scores significantly predicted post-test 
performance. 
Hypothesis 2 
 In Hypothesis 2, we predicted that the intervention/control condition would significantly 
predict Time 2 math anxiety scores and expected intervention recipients to have significantly less 
math anxiety than members of the control group. As shown in Table 2.2, the condition variable 
did not significantly predict Time 2 LMA or MEA scores, ps > .26, and confidence intervals for 
the coefficient of the condition variable in both models contained zero, indicating a lack of 
support for Hypothesis 2. In both LMA and MEA models, Time 1 math anxiety scores predicted 
math anxiety scores at Time 2. 
Hypothesis 3 
 In Hypothesis 3, we postulated that Time 1 math anxiety would moderate the effect of the 
intervention/control condition on Time 2 math performance scores. We expected the intervention 
to have a greater positive conditional effect on math performance for participants with high Time 
1 levels of math anxiety compared to those with lower Time 1 levels of math anxiety. As shown 
in Table 2.3, of the four models tested, one model showed evidence of an effect of the 
intervention/control condition variable on Time 2 math performance scores conditioned on the 
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level of Time 1 math anxiety. Specifically, the intervention/control condition variable interacted 
with Time 1 MEA to significantly predict Time 2 CFT scores (p < .05, 95% CI [-1.63, -0.08]). 
While, in that model, the intervention/control condition variable (p = .04, 95% CI [0.18, 6.32]) 
and Time 1 CFT scores (p < .01, 95% CI [0.69, 0.90]) significantly predicted Time 2 CFT scores 
as well, the significant interaction effect takes interpretive precedence. We explore that 
interaction further in the following section. Regarding the other moderation models tested (see 
Table 2.3), there was no evidence of the intervention/control condition variable or the condition 
x math anxiety interaction term predicting Time 2 math performance scores. Time 1 MEA scores 
significantly predicted Time 2 BMA scores (p = .04, 95% CI [-0.37, -0.01]), as did the Time 1 
BMA score covariate (p < .01, 95% CI [0.57, 0.77]). In the two models testing Time 1 LMA 
scores as the moderator variable, the Time 1 math performance score covariates were the only 
significant predictors (ps < .01) of the Time 2 math performance score outcome variables. 
Probing the conditional effect of the intervention and MEA on CFT scores. We 
probed the significant intervention/control condition x Time 1 MEA interaction, shown 
graphically in Figure 2.1, by utilizing the pick-a-point approach (Rogosa, 1980). Specifically, we 
plotted CFT score estimates for individuals in the intervention and control conditions at low, 
medium, and high levels of the moderator. Low, medium, and high levels of Time 1 MEA were 
defined as the 16th, 50th, and 84th percentiles of the distribution (Hayes, 2017a). Examining group 
differences, we see that for those with low levels of Time 1 MEA, predicted Time 2 CFT scores 
were 1.43 points higher (Cohen’s d = 0.32) for participants who received the intervention than 
for those in the control group. For those with medium levels of Time 1 MEA, predicted Time 2 
CFT scores were 0.22 points higher for participants in the treatment group (Cohen’s d = 0.05) 
than for control group participants. For individuals with high levels of Time 1 MEA, predicted 
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Time 2 CFT scores were 0.62 points lower for treatment group participants (Cohen’s d = -0.14) 
than for control group participants, though this negative effect on highly math anxious 
participants was not statistically distinguishable from a null effect. 
To further explore the interaction, we employed the Johnson-Neyman technique (Bauer 
& Curran, 2005), to identify the value or values of the moderator at which the conditional effect 
of the intervention on Time 2 CFT scores shifts between statistical significance and non-
significance at the α = .05 level. These values mark the boundaries of the region of significance 
for the effect. Visualized in Figure 2.2, the conditional effect decreases linearly as Time 1 MEA 
increases, becoming statistically indistinguishable from a null effect as Time 1 MEA increases 
past 2.55 and the lower limit of the 95% confidence interval for the effect crosses zero. In our 
sample, over 22% of the participants had Time 1 MEA scores falling in the region of 
significance, or below 2.55, indicating they would likely have experienced a statistically 
significant increase in Time 2 CFT scores, had they received the intervention. 
Hypothesis 4 
 In Hypothesis 4, we stated that the intervention/control condition variable would have a 
significant effect on Time 2 math performance scores through Time 2 math anxiety. We 
predicted that individuals who received the intervention would show reductions in Time 2 math 
anxiety which would, in turn, predict increases in math performance scores. Results for the 
mediation models tested are displayed in Table 2.4. None of the four models tested showed 
significant indirect effects of the condition variable on math performance through math anxiety, 
as the 95% confidence intervals for the indirect effects all included zero. This is unsurprising 
given the failure to find significant differences between the intervention and control groups on 
Time 2 math performance or Time 2 math anxiety in the analyses for Hypotheses 1 and 2.  




 This study set out to answer several questions. Our primary question was whether the 
arousal reappraisal intervention developed and tested by Jamieson et al. (2016) would continue 
to be effective in an online setting. Counter to our hypothesis, we found that when delivered 
online, the arousal reappraisal intervention did not significantly improve participants’ scores on 
online math performance tasks. These findings diverged from those of several previous studies 
(e.g. Jamieson et al., 2010; Jamieson et al., 2016; John-Henderson et al., 2015), but aligned with 
the findings of Hangen et al. (2018). Hangen and co-authors found null effects for arousal 
reappraisal on math performance, but in their exploration of moderators, found that men who 
received the intervention performed better than men who did not, while female participants 
experienced no effect. This points to the importance of continued research on moderators of the 
effects of arousal reappraisal, a topic we return to in the next paragraph. In addition to math 
performance, we were also interested in whether the arousal reappraisal intervention would 
continue to be effective at reducing math anxiety prior to an evaluative math task when delivered 
online. Once again, counter to the hypothesized outcome and to Jamieson et al. (2016), the 
online arousal reappraisal intervention did not significantly reduce participants’ math anxiety.  
Beyond the above questions, we also wanted to answer the call put forth by Jamieson and 
co-authors (2016) for further research on whether math anxiety moderates the effectiveness of 
arousal reappraisal interventions. Here we found evidence that, as Jamieson et al. speculated, the 
online arousal re-appraisal intervention was effective in improving math performance scores in 
students with low to moderate levels of Math Evaluative Anxiety by 11-23%, with effects 
decreasing as MEA increased. However, there was no evidence for its effectiveness with more 
math anxious students. More specifically, the higher a student’s level of MEA, the less effective 
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the intervention appeared. These findings were opposite our predictions that highly math anxious 
students who received the intervention would have the greatest math performance gains. Work 
on uncovering the mechanisms behind arousal reappraisal is still in its early stages. Nevertheless, 
past theory suggests that when effective, arousal reappraisal forestalls negative cognitive cycles 
regarding physiological stress responses and enhances recipients’ perceptions of their available 
resources, promoting challenge rather than threat states (Jamieson et al., 2016). With our most 
math anxious students, this intended effect did not occur, leaving us to wonder, why? It is 
possible that many students with high levels of math anxiety have difficulty quickly attending to 
and reappraising their physiological arousal before returning their attention to the math task at 
hand. Unlike less anxious students, arousal reappraisal interventions could cause highly math 
anxious students to focus more attention for longer periods of time on their physiological stress 
response and related cognitions than they would normally. As you may recall, according to the 
disruption account of math anxiety (Ramirez et al., 2018), attending to negative cognitions and 
physiological sensations for an extended period may act as a secondary task that pulls working 
memory resources from math performance tasks. Math tasks requiring strategies rather than 
simple memory retrieval, such as the ones our participants completed, place high demands on 
working memory and performance tends to degrade when working memory resources are 
allocated elsewhere (Ashcraft & Krause, 2007). 
Additionally, students with long-standing experience of high levels of math anxiety and 
associations between physiological stress responses and academic struggles may view the 
arousal reappraisal intervention as invalidating or providing evidence for beliefs that their 
inability to harness their stress response means that there is something lacking or wrong with 
them. This could reinforce negative appraisals about their ability to meet math performance 
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challenges, decreasing their perceptions of the resources they have available to meet the demands 
of the task and making a threat response more likely than a challenge response. These highly 
math anxious students may require more practice to change their mental habits and successfully 
re-appraise their stress responses than less anxious students, something that was not accounted 
for by our one “dose” intervention.  
Also, for those students with low to moderate levels of MEA, math performance 
improved only in the CFT task, a timed math task designed to place heavy demands on working 
memory. The intervention had no effect on scores in the untimed BMA-3 task, regardless of 
students’ level of MEA. One interpretation is that this indicates further support for working 
memory as a mechanism through which arousal reappraisal interventions exercise their positive 
effects on math performance. However, we encourage caution when interpreting this finding, as 
the poor internal consistency of the BMA-3 measure during both time points of the study 
indicated that the observed scores for the intervention group contained an unacceptable amount 
of measurement error, resulting in reduced power to uncover any intervention effects. 
Limitations 
 While this study begins to address significant gaps in the literature around math anxiety 
and arousal reappraisal interventions, there are several limitations that are important to consider. 
In their 2002 book, a successor to classics on experimental and quasi-experimental design by 
Campbell and Stanley (1963) and Cook and Campbell (1979), Shadish and co-authors discuss 
threats to validity relevant to the current study. We wanted to extend previous studies by testing 
the intervention in an online environment. Accordingly, there was a lack of control in our study 
over the experimental setting, as participants completed the study in whatever environment they 
found themselves in when logging in to the survey. Therefore, extraneous variance may have 
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been introduced in the form of distractions, interruptions, technical difficulties, or other factors 
that may have been better controlled in a laboratory setting. This extraneous variance could have 
led to increased error that detracts from the validity of our statistical conclusions, though these 
conditions also help replicate the environment that many students are in when they engage in 
online learning. These concerns may be lessened somewhat by Klein et al.’s (2018) massive 
Many Labs 2 replication project, which found there was little variation between effect sizes 
when online and in-lab samples were given the same intervention. 
Another limitation is the threat to construct validity presented by the mono-operation and 
mono-method bias inherent to our use of a single self-report measure to operationalize the 
construct of math anxiety. It is possible, due to this method bias, that we may be omitting 
important aspects of math anxiety, such as physiological responses or processes occurring 
beneath the level of verbal awareness, from our analyses. However, as Cipora et al. (2019) 
discuss in their review of math anxiety measures, physiological and neurological methods are not 
yet able to differentiate math anxiety from other stress reactions. There are also several threats to 
external validity that limit the generalizability of our findings. Our sample is one such threat. It 
was drawn from a single university and contained significantly more Black or African American 
and Asian or Asian American students and significantly less White, Non-Hispanic and Hispanic 
or Latin-x students proportionally than a representative sample of U.S. undergraduate students 
(U.S. Department of Education, 2021). Our sample also contained about 10% more women and 
10% fewer men than is representative of U.S. undergraduates. Additionally, our sample consisted 
of undergraduate students who chose this study out of several other study options to gain course 
credit or extra credit. While the study description and instructions that students saw were kept as 
general as possible, students in our sample may have more interest in math or reasoning 
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problems than a typical student. Due to the lack of research on moderators of arousal reappraisal, 
it is difficult to say how these characteristics of our sample may have influenced our results, but 
they remain important to note when considering how this intervention may be used or tested on 
other participants. 
A second threat to external validity involves the randomized pre-test post-test design used 
in our study. While the randomized pre-test post-test design is excellent at controlling for 
alternative hypotheses that threaten internal validity, the inclusion of a pre-test introduces a 
threat to external validity in the form of a potential interaction between taking the pre-test and 
engaging in the intervention. Past research has shown that pretests can dampen the effect of 
interventions in randomized pre-test post-test designs (Campbell & Stanley, 1963). Though the 
threat of the pre-test x intervention effect in our study may be minimal due to the commonality 
of testing in our students’ lives, researchers may want to consider utilizing a Soloman (1949) 
Four-Group Design to control for pre-test effects.  
Additional limitations concern whether our findings will generalize outside of the 
experimental setting. While we attempted to create evaluative threats at Time 2 through a stress 
inducing prompt that have been used in other studies, we did not measure whether this prompt 
had its intended effect. It is possible that the effects of the online arousal reappraisal intervention 
on students will change in higher stakes evaluative situations when students may perceive a 
greater threat or have greater levels of motivation, such as during course exams or standardized 
tests. Another threat to external validity involves the fact that these data were collected during 
the Fall 2020 semester, amidst the global COVID-19 pandemic and an unprecedented shift from 
in-class instruction to online or hybrid educational formats (College Crisis Initiative, 2021). In 
the Fall 2020 version of their annual national survey of 32,000 students, the Healthy Minds 
    56 
 
 
Network (2021) found that over half of students were reporting significant levels of depression 
or anxiety, the highest prevalence in the history of the survey. Two-thirds of student respondents 
reported feeling lonely or isolated and 83 percent reported that their mental health had negatively 
affected their academic performance in the past month. Son et al.’s (2020) qualitative research 
with university students in Texas conducted during the Spring 2020 semester tells a similar story, 
with 71% of the students describing increases in depression and anxiety, 86% reporting greater 
social isolation, 89% discussing difficulties with concentrating on academic work, and 38% of 
students reporting that their greatest academic challenge was the transition to online classes. 
While preassessment math anxiety scores in our sample were comparable with past studies 
(Andrews & Brown, 2015; Hopko et al., 2003), we assume that the COVID-19 pandemic 
affected our participants in multiple ways that are impossible to account for or replicate, 
including a rapid and widespread shift to online learning at the university from which the sample 
was recruited.  
Future Research 
Given the limitations discussed above, future projects may attempt to replicate the study 
in more naturalistic online environments with real-world threats, for example, integrating the 
study into online university math courses and using course exams as the pre-test and post-test 
measures. End of semester course grades could also be analyzed to investigate moderator effects 
over greater timespans. Further exploration into mechanisms of arousal re-appraisal would also 
be welcome additions to the literature. Studies with a more robust measurement strategy 
including physiological measures and measures of potential mediators such as affect, demand 
and resource appraisal, course engagement, and approach and avoidance motivation could help 
illuminate the paths through which these interventions operate and help identify why arousal 
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reappraisal may backfire with some participants. Many potential moderators such as gender, 
race, perceived math ability or self-concept, math motivation, physiological interoceptivity, and 
implicit theories about stress and intelligence also remain unexplored or underexplored. In their 
discussion of math anxiety, Ramirez et al. (2018) point to the importance of students’ 
interpretations of their lived experiences with math, which are influenced by their social 
environments as well as their internal narratives. Continued work on mediators and moderators 
can further elucidate the roles that external and internal factors play in math anxiety and the 
relationship between those factors and the effectiveness of interventions such as arousal 
reappraisal, leading to more tailored or combinatorial approaches to treatment and prevention. 
One such approach, as yet untested, has been suggested by Jamieson et al. (2018), who propose 
packaging interventions that cultivate a stress-is-enhancing general mindset with arousal 
reappraisal interventions to promote more comprehensive change in students’ interpretations of 
stress.  
Conclusion 
 To summarize, the online arousal reappraisal we tested was only effective in boosting 
math performance in a timed, working-memory intensive task, for the 22% percent of students 
with moderate or lower math anxiety. There was no evidence that online arousal reappraisal 
reduced math anxiety, raising additional questions regarding mechanisms for effectiveness. With 
its finding that the relationship between arousal reappraisals and math performance is moderated 
by math anxiety, this research contributes needed complexity to the literature about brief social-
psychological interventions. It is our hope that mediators and moderators of these interventions 
continue to be investigated to best understand how, when, and for whom brief social-
psychological interventions are effective and for whom they are contra-indicated, as more 
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information regarding these questions is necessary before widespread dissemination and 
adoption is attempted. 
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Appendix A: Participant Measures 
Demographics 
1. What is your sex? 
a. Male 
b. Female 




d. Other, please specify 
e. Decline to answer 
3. What is your age? (write the number) 
4. Please indicate your Hispanic Origin: 
a. Hispanic or Latino  
b. Not Hispanic or Latino 
5. Please indicate your race, the specific group(s) that you identify with the most (you can 
select more than one): 
a. White 
b. Black or African American 
c. American Indian or Alaska Native 
d. Asian 
e. Native Hawaiian or Other Pacific Islander 
f. Other, please specify 
6. What is your country of birth? 
a. United States 
b. Other 







8. What is your academic major? 
9. What interest area is your major in? 
a. Business 
b. Education 
c. Health Professions 
d. Humanities & Arts 
e. Law 
f. Policy/Social Science 
g. STEM 
  




Appendix B: Participant Measures 
Abbreviated Math Anxiety Scale 
Test Format: Each of the measure's 9 items are responded to using a 5-point Likert-type 
scale, ranging from 1 (low anxiety) to 5 (high anxiety), with the total score representing a 
summation of the nine items. Items 1, 3, 6, 7, and 9 are summed to score the Learning Math 
Anxiety factor. Items 2, 4, 5, and 8 are summed to score the Math Evaluation Anxiety factor. 
1. Having to use the tables in the back of a math book. 
2. Thinking about an upcoming math test 1 day before. 
3. Watching a teacher work an algebraic equation on the blackboard. 
4. Taking an examination in a math course 
5. Being given a homework assignment of many difficult problems that is due at the 
next class meeting. 
6. Listening to a lecture in math class. 
7. Listening to another student explain a math formula. 
8. Being given a “pop” quiz in math class. 
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Appendix C: Participant Measures 
Calculation Fluency Test Pre-test Items 
Addition Part 1 (30 seconds) 
 








    70 
 
 
Multiplication Part 3 (30 seconds) 
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Appendix D: Participant Measures 
Calculation Fluency Test Post-test Items 
Addition Part 1 (30 Seconds) 
 
 
Subtraction Part 2 (30 Seconds) 
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Appendix E: Participant Measures 








































Write as a common fraction 
in lowest terms: 
 
0.75 = ______ 
 
3𝑥 − 𝑦 = 22 
2𝑥 − 𝑦 = 13 



























=  ______ 
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Appendix F: Participant Measures 
Brief Math Assessment-3 Post-test items 
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Appendix G: Participant Measures 
Intervention 
Thank you for being a part of this study!  
 
As you might expect, taking a math assessment can be a very stressful experience. 
Before starting your assessment, we are going complete a short reading exercise 
designed to help you perform well. In the following pages, you will be presented 
with summaries of scientific studies.  
 
After reading each study, we ask that you please write a short summary in your 
own words describing how the information presented can help you on today’s 
exam.  
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This excerpt is adapted from Jamieson & Mendes' 2010 study that appeared in the 
Journal of Experimental Psychology 
 
In stressful situations, people experience changes in their body. They might experience 
these as “unsettled feelings” or “butterflies in their stomach,” and conclude that they are 
nervous. However, bodily changes that happen during stress can be good. For instance, 
scientists have found that feelings of “butterflies” indicate that the body is gathering 
resources to meet situational demands. In other words, the body needs energy to perform 
and stress helps deliver this energy to your brain.  
 
Stress can be “good” or “bad,” and depends on our perceptions and beliefs. For example, 
imagine you are a skier staring down a steep slope with no other way off the mountain 
than going down this dangerous trail. Regardless of whether you like skiing, this situation 
is stressful. Expert skiers experience the stress as “excitement” because they believe they 
can handle the difficult trail, whereas novices experience the stress as “fear” because the 
difficult trail exceeds their skill level. Thus, the skier’s response (excitement vs. fear) 
depends on how they perceive stress. 
  
Research from students with anxiety indicates that stress does not hurt performance, but 
can actually help because our brain releases chemicals that help us think quickly. So, 
during the test today, try to view your own stress as a coping tool. 
  
 
In your own words please briefly describe how this information can help you perform 
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This excerpt is adapted from Nock et al.’s (2011) study that appeared in the Journal of 
Clinical Psychology 
 
Stress is a normal reaction that helps you face the challenges in your life. It is not 
harmful. In fact, if we did not have stress reactions we could not survive. If stress is 
helpful, then why do most people see it as a negative experience?  
 
Research indicates that negative reactions to stressful situations like taking an exam are 
the result of how we think about stress (also known as ‘cognitive appraisals’). When the 
“fight or flight” system activates, our brain searches for possible sources of harm. 
However, in modern society there is often no physical threat. When no explanation can 
be found, the brain invents explanations such as, "There must be something wrong with 
me." Nothing could be further from the truth. Stress is adaptive and good. 
 
During stressful situations remember that your body's responses are beneficial. Increased 
heart rate, sweating, and heavy breathing are all signs that your body is delivering oxygen 




In your own words please briefly describe how this information can help you perform 
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The following is an illustrative diagram that shows the biological changes that happen 
when we experience stress. Please take a minute to note where the changes occur and 




In your own words please briefly describe how this information can help you perform 
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Great job! You have finished the exercise. We would now like for you to answer 
some brief questionnaires before starting your assessment.  
 
Remember during the assessment today, we ask that you try to remind yourself that 





    80 
 
 
Appendix H: Participant Measures 
Control 
Thank you for being a part of this study!  
 
As you might expect, taking a math test can be a very stressful experience. Before 
starting your exam, we are going complete a short reading exercise designed to 
help you perform well. In the following pages, you will be presented with 
summaries of scientific studies.  
 
After reading each study, we ask that you please write a short summary in your 
own words describing how the information presented can help you on today’s 
exam.  
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This excerpt is adapted from Martin & Fahrig's 2011 article that appeared in Ecology 
 
Almost every part of a bird’s anatomy has evolved in some part to enhance flight. Birds 
must be lightweight to fly, so have evolved very lightweight hollow bones. The structure 
of their bones resembles honeycomb, making them very strong but also very light. For 
example, frigate birds have a wingspan of over two meters, but the skeleton weighs about 
4 ounces. Birds also have fewer organs (e.g. only one ovary) and no teeth. Birds use a 
digestive organ called a gizzard to grind up food. 
 
Birds maintain higher body temperatures than mammals, about 104 degrees Fahrenheit. 
This enables cells in their muscles to work around 2.2 times faster, and allows muscles to 
relax more rapidly. The higher body temperature is enabled through the insulating 
properties of feathers, and in some species, a layer of fat.  
 
Birds have highly efficient respiratory and circulatory systems which keep their tissues 
well supplied with oxygen and nutrients, supporting a high metabolic rate. Bird lungs are 
full of elastic air sacs that help to dissipate heat and reduce the density of their bodies. 
The eyesight of birds is said to be the best of all vertebrates. Excellent eyesight and 
coordination helps birds to fly safely. 
 
 
In your own words, using the above information, please briefly describe how the anatomy 
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This excerpt is adapted from Campbell and Reese (2002) article that appeared in Nature 
 
 
Despite the popular expression “bird-brained” being used to describe somebody who 
lacks intelligence, birds’ brains are proportionately larger than those of reptiles and 
amphibians (their closest living relatives), and research has shown that birds are capable 
of very complex behavior. Indeed, some birds migrate over 12,500 miles per year, 
without any of the satellite navigation devices we use to find our way. 
 
The most obvious adaptations for flight are bird’s wings. To flap their wings and provide 
power for flight, birds contract their large pectoral (breast) muscles which are anchored to 
a keel on their sternum (breastbone).  Many birds, such as birds of prey use air currents to 
soar and glide, whereas birds such as hummingbirds must flap continuously to hover 
while feeding. Some birds have evolved into flightless birds, in the absence of natural 
predators or in the case of penguins, to enable them to swim. In all birds capable of flight, 
it is the shape and arrangement of feathers which enables them to create lift with their 
wings.   
In your own words, using the above information, please briefly describe how the anatomy 
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The following is an illustrative diagram that shows the biological adaptations that 
contribute to birds’ ability to fly. Please take a minute to note where the changes occur 





In your own words, using the above information, please briefly describe how the 












Great job! You have finished the exercise. We would now like for you to answer 
some brief questionnaires before starting your test.  
 
Good luck! 




Descriptive Statistics and Bivariate Correlations between Math Anxiety and Math Performance Across Condition 
Note. T1 = Time 1; T2 = Time 2; LMA = Learning Math Anxiety; MEA = Math Evaluation Anxiety; BMA-3 = Brief Math 
Assessment-3; CFT = Calculation Fluency Test. 
a Control only (above the diagonal) N = 137. 
b Re-appraisal only (below the diagonal) N = 131.  
*Correlation is significant at the 0.05 level. 
**Correlation is significant at the 0.01 level.
 

















LMA T1 - 0.76** 0.65** 0.56** -0.22* -0.22** -0.24** -0.18* 
LMA T2 0.78**         - 0.65** 0.65** -0.20* -0.20* -0.28** -0.27** 
MEA T1 0.46** 0.43**         - 0.87** -0.17 -0.12 -0.17* -0.16 
MEA T2 0.42** 0.50** 0.80**         - 0.01 -0.10 -0.21* -0.18* 
BMA-3 T1 -0.08 -0.12 -0.07 -0.01         - 0.66** 0.27** 0.26** 
BMA-3 T2 -0.17 -0.26** 0.00 0.05 0.59**         - 0.37** 0.43** 
CFT T1 -0.01 -0.12 0.00 -0.04 0.26** 0.14           - 0.76** 
CFT T2 -0.10 -0.14 -0.23** -0.15 0.24** 0.23** 0.66**         - 
         
Controla         
  M 1.89 1.98 3.45 3.45 6.58 7.17 9.27 10.45 
  SD 0.82 0.89 1.13 1.10 1.59 1.86 4.24 4.55 
  a 0.83 0.89 0.90 0.91 0.58 0.69 0.82 0.83 
Interventionb         
  M 1.78 1.83 3.58 3.61 6.50 7.33 9.75 11.17 
  SD 0.85 0.74 1.06 1.02 1.52 1.57 3.84 4.50 
  a 0.85 0.81 0.86 0.86 0.49 0.51 0.79 0.84 












Bootstrap 95% CI 
Cond → BMA T2 (R2 = 0.39**)    
Condition 0.18 0.16 -0.13 to 0.49 
BMA T1 0.67** 0.05 0.57 to 0.78 
Cond → CFT T2 (R2 = 0.51**)    
Condition 0.29 0.39 -0.44 to 1.07 
CFT T1 0.79** 0.06 0.68 to 0.88 
Cond → LMA T2 (R2 = 0.40**)    
Condition -0.07 0.07 -0.20 to 0.05 
LMA T1 0.75** 0.05 0.67 to 0.84 
Cond → MEA T2 (R2 = 0.40**)    
Condition 0.05 0.07 -0.09 to 0.19 
MEA T1 0.81** 0.03 0.75 to 0.87 
Note. T1 = Time 1; T2 = Time 2; LMA = Learning Math Anxiety; MEA = Math 
Evaluation Anxiety; BMA-3 = Brief Math Assessment-3; CFT = Calculation 
Fluency Test; CI = confidence interval. Unstandardized regression coefficients 
are reported. 
*Indicates significance at the 0.05 level. 
**Indicates significance at the 0.01 level.












Bootstrap 95% CI 
Cond X LMA T1 → BMA T2 (R2 = 0.40**)    
Condition 0.21 0.40 -0.56 to 1.00 
LMA T1 -0.18 0.14 -0.43 to 0.08 
Condition X LMA T1 -0.03 0.21 -0.42 to 0.37 
BMA T1 0.66** 0.05 0.55 to 0.75 
Cond X MEA T1 → BMA T2 (R2 = 0.40**)    
Condition -0.72 0.50 -1.68 to 0.28 
MEA T1 -0.19* 0.09 -0.37 to -0.01 
Condition X MEA T1 0.26 0.14 -0.25 to 0.54 
BMA T1 0.67** 0.05 0.57 to 0.77 
Cond X LMA T1 → CFT T2 (R2 = 0.52**)    
Condition 1.11 0.99 -0.64 to 3.05 
LMA T1 -0.04 0.34 -0.65 to 0.62 
Cond X LMA T1 -0.44 0.54 -1.46 to 0.47 
CFT T1 0.80** 0.06 0.69 to 0.90 
Cond X MEA T1 → CFT T2 (R2 = 0.54**)    
Condition 3.25* 1.56 0.50 to 6.42 
MEA T1 -0.15 0.23 -0.57 to 0.29 
Cond X MEA T1 -0.81* 0.41 -1.63 to -0.08 
CFT T1 0.79** 0.05 0.69 to 0.89 
Note. T1 = Time 1; T2 = Time 2; LMA = Learning Math Anxiety; MEA = Math Evaluation 
Anxiety; BMA-3 = Brief Math Assessment-3; CFT = Calculation Fluency Test; CI = confidence 
interval. Unstandardized regression coefficients are reported.  
*Indicates significance at the 0.05 level. 
**Indicates significance at the 0.01 level.









(X) Cond (M) LMA T2  
(Y) BMA T2 
 
(X) Cond (M) MEA T2  
(Y) BMA T2 
 
(X) Cond (M) LMA T2  
(Y) CFT T2 
 
(X) Cond (M) MEA T2  
(Y) CFT T2 
Predictor B(SE) 95% CI B(SE) 95% CI B(SE) 95% CI B(SE) 95% CI 
Math Anxiety R2 = 0.60** R2 = 0.70** R2 = 0.60** R2 = 0.71** 
Condition -.08 (.07) -.22 to .04 .04 (.07) -.11 to .18 -.06 (.06) -.19 to .06 .05 (.07) -.08 to .20 
LMA T1 -.33 (.17)* -.06 to .01 - - .74 (.05)** .65 to .82 - - 
MEA T1 - - .81 (.03)** .74 to .87 - - .81 (.03)** .74 to .87 
BMA T1 .65 (.05)** .66 to .84 .02 (.02)** -.02 to .06 - - - - 
CFT T1 - - - - -.02 (.01)** -.04 to -.01 -.01 (.01) -.03 to .00 
Performance R2 = 0.41** R2 = 0.39** R2 = 0.52** R2 = 0.53** 
Condition .13 (.16) -.17 to .44 .18 (.16) -.12 to .50 .29 (.39) -.45 to 1.07 .38 (.39) -.35 to 1.14 
LMA T2 -.33 (.17)* -.64 to .00 - - -.30 (.35) -.95 to .39 - - 
MEA T2 - - -.05 (.15) -.35 to .22 - - .52 (.39) -.18 to 1.33 
BMA T1 .65 (.05)** .54 to .75 .67 (.05)** .57 to .77 - - - - 
CFT T1 - - - - .78 (.06)** .67 to .89 .79 (.05) .69 to .89 
LMA T1 .05 (.16) -.26 to .36 - - -.05 (.36) -.72 to .61 - - 
MEA T1 - - -.03 (.14) -.29 to .25 - - -.95 (.44) -1.83 to -.17 
Indirect Effect .03 (.03) -.01 to .10 .00 (.01) -.03 to .02 .02 (.04) -.03 to .11 .03 (.05) -.05 to .17 
Note. T1 = Time 1; T2 = Time 2; LMA = Learning Math Anxiety; MEA = Math Evaluation Anxiety; BMA-3 = Brief Math 
Assessment-3; CFT = Calculation Fluency Test; CI = confidence interval. Unstandardized regression coefficients are reported.  
*Indicates significance at the 0.05 level. 
**Indicates significance at the 0.01 level.
























Johnson-Neyman Plot of Conditional Effect of Intervention on Time 2 CFT Scores 
 
 
